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Abstract: Limited-angle optical diffraction tomography suffers from strong artifacts in tomo-
graphic reconstructions. Numerous algorithms, mainly based on regularization methods, have
been developed recently to overcome this limitation. However, the quality of results still needs
further improvement. Here I present a simple yet extremely effective method of increasing the
reconstruction quality in limited angle optical diffraction tomography that can be combined with
known tomographic algorithms. In the method a finite object support is generated from the object
data and utilized in the reconstruction procedure as an additional strong regularizer. Practical
aspects of this method are given together with examples of application.
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1. Introduction

Limited-angle optical diffraction tomography (LAT) is an effective tool for the retrieval of
the three-dimensional (3D) refractive index (RI) distribution of biological samples [1–3]. In
this configuration a detector and a sample are stationary and the incidence angle of a laser
illumination beam is altered. This guarantees fast and reliable investigation of biological samples
that remain unperturbed in Petri dishes and glass slides during the whole measurement process.
However, LAT suffers from strong artifacts in tomographic reconstructions calculated with
standard algorithms, especially in the direction of the optical axis of the tomographic system
[4]. Thus, multiple advanced reconstruction schemes have been developed in recent years to
overcome this limitation, like edge-preserving regularization [5], total variation regularization
[6], Gerchberg-Papoulis algorithm [7,8] or learning approach [9]. Another technique that has
already been applied to x-ray computed tomography and magnetic resonance imaging [10–12] is
utilization of finite object support in the reconstruction procedure. This finite object support
can either be known a priori or be calculated with an auxiliary algorithm. It has been shown
that supporting tomographic reconstruction algorithms with the information about investigated
sample’s extent reduces numerous artifacts in the final result. In LAT utilization of such support
mainly addressees the "missing cone" artifacts that are always present due to limited angular
range of acquired projections [8].

Utilization of finite object support in LAT is advantageous in practically all measurement cases
at which biological cells are investigated. One of the most often measured samples are single
biological cells and cell cultures with low confluency, where for each cell a separate support can
be generated thus enhancing the reconstruction quality. However, even when specimens that
cover the whole field of view are analyzed, like cell cultures with 100% confluency, a single
support can be calculated. This support will not separate individual cells but, instead, will limit
the specimen volume in the axial direction. This case is equally advantageous since in LAT the
reconstruction artifacts are present mainly in the axial direction.
Despite the fact that utilization of finite object support in the reconstruction procedures has

been proven to significantly increase quality of results, this method is very rarely used in optical
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diffraction tomography. This may be due to the fact that in LAT it is very uncommon to know the
object support a priori and the methods for automatic generation of this support are not known.
The purpose of this paper is thus to promote and to show practical aspects of utilizing this simple
yet extremely effective method of increasing the reconstruction quality in LAT, and in this sense
it is a continuation and extension of the first description of this method [13].

2. Methods

In this Section, a description of the procedure for generation and utilization of object support in
the reconstruction scheme is presented. First, a method for retrieval of investigated sample’s
artifact-free boundaries is shown. For this purpose an auxiliary regularized tomographic
reconstruction is calculated. Later, examples of segmentation techniques that allow to transform
such reconstruction into object support are given. Finally, a procedure for the utilization of a
generated object support in the reconstruction algorithm is described.

The first step in generation of finite object support is the calculation of regularized tomographic
reconstruction that will allow retrieving a reconstruction with correctly restored external geometry.
During this step there is no focus on proper distribution of internal RI as it will be discarded
after this step is calculated. Two examples of regularizers that can achieve such effect are total
variation (TV) [13] and Haar wavelets [14]. In this paper utilization of TV will be shown as it is
a popular regularizer which is implemented in freely available numerical libraries like TVReg
[15,16] (Apache license 2.0, Matlab library), ASTRA Toolbox [17,18] (GPLv3 license, Matlab
and Python library) or TIGRE [19,20] (BSD-3 license, Matlab and Python library).
In general, to calculate a TV-regularized reconstruction one needs to solve the following

problem [6]:
minimize

f
| |sA®f − s®b| |1 + α | |∇®f | |1 (1)

where A is the system matrix, ®f is the reconstruction, ®b is the sinogram, ∇ is the gradient operator,
α is a weighting factor which controls the "intensity" of the TV regularization and s is a scaling
factor which helps to control the iteration step size. This minimization is carried out in an
iterative manner and results in a tomographic reconstruction with correctly retrieved external
geometry. As it was mentioned, the RI distribution of internal structures is erroneous. This is
due to enforced piecewise constancy and the fact that Eq. (1) does not take light diffraction into
account.
The result of the aforementioned operation is tomographic reconstruction with erroneous

RI distribution, however with precisely retrieved external boundaries of the sample. In order
to convert this information into finite object support, thresholding is carried out. The main
difference between technical and biological objects in terms of thresholding is that bio-samples
often have low-contrast parts that can extend beyond the main cellular body (e.g. pseudopods).
Locally, the RI in such structures can have similar values to parts of the background, especially
in the presence of reconstruction artifacts that are due to system aberrations. Conducting image
segmentation for technical samples like optical fibers or microlenses is easier and can be carried
out with multiple techniques, Otsu’s method [21] among the most popular ones. For biological
cells more advanced approaches are required. Two efficient tools are random walker [22] and
watershed [23] algorithms. These procedures can operate on 3D matrices and are available in
Matlab and Python. Both techniques require specifying markers which hold information about
parts of the reconstruction that can be assigned to object and background classes, leaving the rest
of the matrix as unknown that will be assigned to one of the above classes by the algorithm.
When the finite object support is generated by applying segmentation to the TV-regularized

reconstruction, it can be utilized in the tomographic reconstruction procedure which takes light
diffraction into account. For this purpose an iterative reconstruction algorithm is necessary - the
support will be applied in each iteration in the signal domain. One example of such methods
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is Gerchberg-Papoulis (GP) method [7,8] in which Fourier transform of the reconstruction and
inverse Fourier transform of the spectrum is calculated iteratively and in each domain constraints
are applied. In the standard version of GP approach two constraints are utilized: nonnegativity in
the signal domain and replenishment of known data in the spectrum domain. This approach allows
for significant minimization of LAT artifacts in the calculated result. However, by adding finite
object support as an additional constraint in the signal domain even further quality enhancement
can be obtained, as is shown in the next Section.

3. Results

In order to shown the effectiveness of the object-support-assisted tomographic reconstruction, the
method is applied to measurements of four representative samples: a cell from a HaCaT cell line,
a physical cell phantom printed with a 3D nanoprinting device (Nanoscribe GmbH), described in
[24], an epithelial cell and red blood cells. All samples were measured with a tomography setup
based on an off-axis Mach-Zehnder interferometer working in a limited angle mode. The detailed
description of the setup can be found in [25]. The sinograms consisted of 180 projections for the
HaCaT cell and the 3d-printed cell phantom and of 90 projections for the remaining samples.

3.1. Total variation minimization

A set of TV-regularized tomographic reconstructions calculated with ASTRA Toolbox is shown
in Fig. 1(a-b,e-f,i-j,m-n). The parameters from Eq. (1) were chosen experimentally as: s = 0.2,
α = 0.002. The process of finding these values included calculation of object supports for
multiple values of s and α and assessing the results qualitatively. Since these values depend on
the tomographic system parameters (e.g. number of projections, size of projections), it might
be necessary to repeat this procedure for a different tomographic system. For comparison, on
subfigures (c-d,g-h,k-l,o-p), the same cross-sections are shown for reconstructions calculated with
the most basic tomographic reconstruction approach - unregularized Direct Inversion method
[26] (also known as Fourier Diffraction Theorem algorithm or Wolf transform [9]). These last
results show multiple artifacts caused by limited angular range of acquired projections, including
elongation of the reconstruction in the optical axis direction (z-axis) and underestimation of the
RI values, which is a common problem in LAT [4,27]. When analyzing the Fig. 1 it is clear
that TV regularization retrieves true external geometry of analyzed samples. What is more,
average RI distribution is no longer underestimated. However, as it will be shown later in the
paper, the lateral and axial resolution of these reconstructions is limited. These conclusions are
true for biological cells with a simple structure (like the HaCaT cell and cell phantom) but also
for biological cells with a complex structure (the epithelial cell) and for multiple cells in the
field-of-view (the set of red blood cells). Note that the red contour visible in the Figure will be
explained in the next subsection.

3.2. Thresholding

The reconstructions shown in Fig. 1(a-b,e-f,i-j,m-n) underwent the segmentation procedure with
the watershed algorithm and boundaries of the resulting mask are superimposed on all cross-
sections in the Figure. The superimposition of the mask with subfigures (a-b,e-f,i-j,m-n) shows
the high precision of the segmentation process, whereas the superimposition with subfigures
(c-d,g-h,k-l,o-p) shows how the retrieved geometry looks when compared to the Direct Inversion
reconstruction. To quantitatively assess the precision of the support-generation process, the
volume of the object support generated for the cell phantom (Fig. 1(e-h)) was compared with the
true volume of the phantom, which equals 3826µm3. The calculation was carried out simply by
counting all nonzero voxels in the generated support and multiplying this number by the volume
of a single voxel. The calculated volume equals 3788µm3, which means that the relative error of
the volume equals 1%.
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Fig. 1. Effectiveness of the TV regularization and segmentation in finite object support
generation. Figure presents 4 tomographic reconstructions: (a-d) of a HaCaT cell, (e-h) of a
3d-printed cell phantom, (i-l) of an epithelial cell and (m-p) of blood cells. Each dataset
shows x-y and x-z cross-sections through the tomographic reconstruction calculated with total
variation regularization (TVmin) and cross-sections through the reconstruction calculated
with the Direct Inversionmethod. The support constraint calculated by applying segmentation
to TVmin reconstruction is shown as red contour superimposed on all cross-sections.

3.3. Integration of the object support with the reconstruction procedure

In order to present an example of a practical implementation of the object support, its combination
with GP algorithm has been carried out. In Fig. 2 two datasets are presented: of the HaCaT
cell and of the cell phantom. In the Figure, the comparison of a classic GP approach with GP
approach assisted with object support (GP-SC) is presented. Additionally, GP-SC reconstructions
are calculated in two ways: one by applying binarized object support (GP-SC-BINARY) and one
with the binarized object support that additionally underwent gaussian filtering to smoothen the
edges of the support (GP-SC-SMOOTH). The purpose of the second approach is to minimize
the small errors that can potentially be present at the mask boundaries. Figure 2 clearly shows
a significant reconstruction quality increase when the object support is utilized. The object
boundaries are correctly retrieved (both test objects should have flat bottom boundary), there
is no elongation of the results in the direction of the optical axis (Z-axis) and the average RI is
corrected. When comparing binary and smooth object supports, one can notice that the latter
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Fig. 2. Comparison of GP reconstructions (a-b,g-h) with GP-SC reconstructions that utilize
object support constraint in the form of (c-d,i-j) binary mask and (e-f,k-l) mask with smooth
edges. Area marked with the red rectangle is shown magnified.

approach results in minimized errors at the boundaries - this is especially visible in the cell
phantom when comparing magnified regions in subfigures (j) and (l). The corrected distribution
of RI is also shown in Fig. 3, where comparison of GP and GP-SC-SMOOTH reconstructions
with numerical model of the cell phantom is carried out. It can be noticed that when support
constraint is utilized not only the boundaries of the specimen are better retrieved but also that
RI values near object boundaries are closer to the ground truth. What is also interesting, by
utilizing object support in the tomographic reconstruction procedure, the total reconstruction
time decreases. Calculation of the reconstruction shown in Fig. 2(g-h) took 21 minutes whereas
the calculation of the result shown in Fig. 2(i-j) and (k-l) took 9 minutes (this includes the time
required to calculate the TV-regularized reconstruction from which the support is generated). The
reasons for this time decrease is associated with the fact that GP algorithm requires significantly
fewer iterations to converge to the solution when object support is used.
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Fig. 3. Cross-sections showing a comparison of GP and GP-SC-SMOOTH reconstructions
with the numerical model of the cell phantom: (a) y-cross-sections along A-A line marked
in Fig. 2 and (b) z-cross-sections along B-B line marked in Fig. 2.

Figure 2 presents the final result obtained with the use of the object support. However, it
is interesting to analyze how this result compares to pure TV-regularized reconstruction that
was presented in Fig. 1. This comparison is shown in Fig. 4, and the presented samples are the
HaCaT cell and the 3d-printed cell phantom. This allows to assess what is the effect of taking
light diffraction into account during the reconstruction procedure on the quality of results. It also
explains why it is advantageous to create an object support out of a TV-regularized reconstruction
and pass it to diffraction-based algorithm instead of leaving the TV-regularized reconstruction
as the final result. When analyzing the Fig. 4, it is clear that the TV-regularized reconstruction
retrieves external geometry with high precision, however the resolution of internal structures

Fig. 4. Comparison of a reconstruction calculated with TV-regularization (TVmin) which
does not take light diffraction into account with a reconstruction calculated with diffraction-
based GP-SC-SMOOTH algorithm which utilizes support constraint. Area marked with the
red rectangle is shown magnified.

Fig. 5. Cross-sections showing a comparison of TVmin and GP-SC-SMOOTH reconstruc-
tions with the numerical model of the cell phantom: (a) y-cross-sections along A-A line
marked in Fig. 4 and (b) z-cross-sections along B-B line marked in Fig. 4.
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is significantly higher when GP-SC method is used, which is an expected results since GP-SC
approach takes light diffraction into account. This is especially visible in the magnified regions.
Further comparison is shown in Fig. 5 where cross-sections along lines marked in Fig. 4 are
presented and compared with RI distribution of the numerical model of the cell phantom. It
is clear that the TV-regularized result has not only decreased resolution when compared to
GP-SC reconstruction, but also that its average RI is overestimated. This is corrected when
diffraction-based method is used.

4. Conclusions

In the paper it has been shown that by applying a relatively simple method of generating a
smooth-edged finite object support one can significantly increase the quality of tomographic
reconstructions by minimizing LAT artifacts that are due to the "missing cone" problem. Practical
aspects of this approach have been given, including values of the parameters for the support
generation, segmentation methods and an example of integration of the support constraint with a
reconstruction algorithm. This method can be utilized when analyzing single biological cells,
multiple biological cells or technical samples and can be successfully applied to virtually all
iterative reconstruction algorithms. In practice, the proposed approach should be applied to all
tomographic measurements cases where high quality 3D RI distribution is crucial. If, however,
the purpose of the measurement is to retrieve the central x − y cross-section of the reconstruction,
which is a commonly found mode of operation, the proposed method will not provide significant
advantage.
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